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Research progress of user task prediction and algorithm analysis
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Abstract: Users’ cognitive behaviors are dramatically influenced by the specific tasks assigned to them. Information
on users’ tasks can be applied to many areas, such as human behavior analysis and intelligent human-computer
interfaces. It can be used as the input of intelligent systems and enable the systems to automatically adjust their
functions according to different tasks. User task prediction refers to the prediction of users’ tasks at hand based on the
characteristics of his or her eye movements, the characteristics of scene content, and other related information. User
task prediction is a popular research topic in vision research, and researchers have proposed many successful task
prediction algorithms. However, the algorithms proposed in prior works mainly focus on a particular scene, and
comparison and analysis are absent for these algorithms. This paper presented a review of prior works on task
prediction in scenes of images, videos, and real world, and detailed existing task prediction algorithms. Based on a
real-world task dataset, this paper evaluated the performances of existing algorithms and conducted the corresponding

analysis and discussion. As such, this work can provide meaningful insights for future works on this important topic.
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(linear discriminant analysis, LDA). 3 #F[F & 4L
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Fig. 1 The image used in YARBUS’s experiment and the

eye movement data in the corresponding seven tasks!'"!

SCHR[1T] ) SEE &5 w7 1 n] DLdE S P R AR
Fi AR T A P TS . 23 B Kk, KREVRE
¥ 45 8 & ¥ YARBUS |7 @ (inverse YARBUS
problem), RIF P AF55 FI0MI [ &, i (1) e ot FH
(1) BRI 32 315 K R T 7 E 78 AT B AT 55
YARBUS  [1] /U 5T () A2 A0 o AT 55 2] HR i 32 2 ) Ak
5, T YARBUS [ (7 A2 55 T3 i A0 BT 7 1)
) 2 RS 1 3 B A0 AT 55 T BIL o X631 YARBUS
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GREENE 25 5t 7 NP F 37 5w i
ST R . S T 64 Sk AVIE A, BE5KE
REDLOE 2NN HPREREZNER F, I
SER 4 MES: id1Z(memory), CAE R AN
AR (decade), HIWrE R A (people),
W E R Az M AR WE
(wealth), FIKTE A A E 20 Hlicse T H
Pt L b 4 MES I IRES 12 3hEdE, Tt
FL1% 3 55 AR 55 TR0 1) R

FEFSCBR[12]00 TAF, KANAN 25005k
R I8 ) 8 Bopr AT 704, T SVM &
ERTIA P BAESS, B 1 S AR TR0 A5 R

BORJI A1 ITTIME i 4341 1 SCHR12]UC8E 1) %
W, IEEAT TR SRR R AR B . AR T 15
SR AE F, I HEZESRH WA B AN, 58T
BRI R 7 AMES . F P RIS 12 sh & s gd
SRR, M TR S TN S R I gR At . SR
Boosting FER I FH P 1455, 1AL SCHR[12]
A TR B AU S B (R B AT IS T R G ) T
MR

KUBLER ZHBIF 2 75 SCilk[12] 48 0 T
fEo FEAEH 2 sk Nk R R seiedg s, sk T H
JAAE B EHOLEE AR B A v (il T i o AP AR 8
2 MAFEMES FIERE IE 38 . R SVM 5%
SRATI P AT 55, I BLAESTISCSE  3E  SCHR[12]
141 % s EornlidtAr 7K. s8R KW, Z%H5
A B TR SR

FESCRR[121F0[14] TAE (2L Atk 1, FUHL
W T M EEALBR EE R B AR, IR
T AE SCHR (12 AN (141 ) B AT 1 BRI 2k
A, 25 R, ZEIEN MR BT 0
7792 o

SCHR[7]2%F H AR B R F1 A B Hp AT 55 il
MR HAFH T 196 7K HIRE A H 140 KA K]
FERASE R 5. Kb, BARABAAE TENNE
HMRFREE: SCARIE R HCE 9 R diE, B
BT 40~60 N HE . HPEE BRI, BEESR T
4 NMARFRIFAES: il (scene memorization), ic
1237 5 W0 N 28 9 58 BAH B e 2 Ik s 1) i
(reading), B2 SCAS R A 255 375 5048 % (scene search),
ey s R R IR R) B AR FRECL BT
%] 132 (pseudo-reading), [ 3—Lefh CA, h3CAH
13— /N L . SCRR[ 71 SE T P AE
X 4 MES TR s s, HETH TS

() T o

KOEHLER %85t 7 HARE iz ef, AR
HIAES5 A P AR B s m . HAEH 1 800 5K =
WA SN = BRI R R Sty & . P e
KIE 3 ANASEHAESS ED H % (free viewing).
i 3 M R (saliency search) A I %F € H bn R
(cued object search). FFUSCEE T H P EX 3 MESH
IIREGIZ 38R, 0T 17 ANE BTSSR
BB R .

F T SCHR (1714 SR (¥ %4 . BOISVERT il
BRUCE" W78 1 H P AL B [ 45 1] o A
AL EEhSE B UL MM E N3
THRFAEAEAT 55 TR — [ f b () B B . et 1
—MEENBRREE, S5 7 RAE 3 J7 AR AE SR IR
P EAESS, B T REF P AR .

COUTROT %"V 7 — i B 2 1 34 31 43
BT HAE 28 T 7 V5« HAT I RS 5 ZR AT A AFH P
AR A 3 Bh R R BURRAE,  FH T BRI 2R A
e FESCHR[1 7SR R £ s BT 7B 1)k,
SERRH, ZEVERAA B B RS B .

1.3 #SARAE ST

WF 503 A0 R 2k A A3 s 19 P A 45 T
IF] et

HILD 2P0 T 580450 5tk 1 P55
W, A 7’ 2 Fros i sh SR AT H P
G W o ZANAIR B — [ E LA ISR LAE
f#iE Binsn, KA KON 4 mine M HBhAE
B F EAFEENAT N R
BRI A%, B8R T 4 MES: $RZE (explore),
AR L AERAR) N s W& (observe), W&

B2 SCHR[2018T 98 3h A7 5
Fig.2 The dynamic video scene used
in reference [20]
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PRSI AT N L5035 e A8 R0 () 175 s 48 2R
(search), TEMAIH FFFEFEME N BE
(track), IBEL Tt 0 HEEES B Sl 4
Ao SCHER[201YCEE T H P AEIX 4 PSS RIS 2
FEE, HT A S

HADNETT-HUNTER 252" IBFTC T 4437 5
AN R AT 5560 FH P R 3 R i SR B 2 e o il
T 3 Frosi 3 B R, AW BERIKOY
= WA E 5t (indoor office space). XX #7IE
5% (suburban street) LA J ¥b 31 37 3K 3 5 5t (desert
junkyard). FH P ESRAE S 5t 00 S R E HHLSE
(free viewing). H #5{% % (object search). LA EEE
FMii(path navigation) 3 FAFEIAESS. HikEE T H
JUE 3 MESS N RIS i sh 3, T a8 AR
A 2500 P L R 7 AR R R
1.4 BSUARESTN

W FEE A VBT X IS 37 AT 55 T IX — ] /3,
& TR Z W TAE,

BULLING %5 P21 &t Xt 75 24 % 3% 53 (office

environment), TR 7 H &~ H & E4TH) 6 FAESS -
4 FSCHER[22]F B S 75 8 Z 35t P S s A
Rif) 6 Fp H AT S . HAT S GFE: % DISCA (copy)-
Bl BT BN R RIS (read) 5 2 1 (write) W
F A (video)~ W YT M TT (browse) . LA R ¥ B Ak
SRR (null) . SCHR[22]W4E 7RI LE 6
{155 T B HR 2l H1 38 ¥ (electrooculography, EOG)%{
W5, FHT3AT RS R T .
SCHR[8]A H H A2 3 55 (R A 55 T00 i) R AT
TR B 5 ARSI AL B A2 g, U
K3 s AN 4 B AR S . WA B A RS 5
W e A A (social), A N BEAT BB AN
(cognitive), LVEFERAEH b #H (physical), #HAT
YEE Fizag); 2 (spatial), TR LIRS,
SCHR[STWEE TP E HHE A iEH 4 MRS T IR
fgizshddE, HT 37 P ARSI T .
SCHR[OT R T Rl S35, W 1 T00I A 7 ) 5
HISCRY R AR — ) . ] 6 N SCHR[OTFTHIT FC 1) 15 152
s UL TR 5 MOk, e A IR

&3

SCHR[21 )M F ) S 36 37 5t

Fig.3 The experimental scenes used in reference [21]

Bl 4 SCHR[22DFTBE L Ip 24 I 5 5P A RIIG 6 A H H AR 55

Fig. 4 The office environment and the corresponding six tasks in reference [22]

=

Bl 5 SCERISIITWFL I H W AL s I s AN St A SL R 4 b AR 55

Fig. 5 The real-world environments and the corresponding four tasks in reference [8]

TH9F TR Bl 15 37 AR 2 F) 5 A SR R 2R

The reading environments and the corresponding five document types in reference [9]

Fig. 6
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2 ] 5 (manga comic). PR (textbook). i 4% &
(fashion magazine)- /)Mji(novel) LA K3R48 (newspaper).
FEUSCER T FH P AE B S A [F) S8 28 0 SRS I I R S o
BNEHE, AT TR0 A e s B SR R

LIAO 2P 7t 1 Bl 5547 N F il (pedestrian
navigation)37 5t H (R H P AT S5 TR0 ) @ . 5 Foeis A
H ST 55 (navigation task)7r il /&: EALH EHIAL
‘B 177 [ (self-localization and orientation) 48 2% J5j ¢
PREE A (1) B #R(local environment target search). 2%
Ho B H ) H FR(map target search). #$£Eic1Z (route
memorization) LA % #5417 & H [ i (walking to the
destination). WX 7 H P TE 5 P SHUES B IR A
BEhHRE, AT A P RS .

2 ESFUNE;

2.1 SMFIRISHR

LDA JR#% 9 Fisher #5734, & — P& diL ()
Atk 2 7% o 27 1R IS R B RE AR I — N R
YEHE, Tl — Nt Ka, USRI AR
AIFEA .

SCHR 2078 Ze 0 73 Al S 21 1 FH AT 55 T
Mz, BHERM VT B3P R G IR E )
A (raw gaze data) S FREL T H  B9E AL (fixation)
B, It —BHREUT P B AR SR e AT FH
RSB0 2 o $2 B VR ARSI A0 45 v WL 47 2 1) (1)
(fixation duration). HRBkIE ¥ (saccade amplitude) R
Wik P (saccade velocity) FIAME RN TG 2 « BEFD 131 ]
VEMEL H (number of fixations per second). VEM ELA%
(fixation diameter) [¥] 5 {8 DL A 33 P 1 B (fixation
angle) \IIME AT 2. Hrp, M ERZUE T —
ASVERL I BT A U R 2 3 A B R B B
(smallest enclosing circle)>RiT5H 1. A B2
FHAHAR 3 AR A O 7 BRI T B I £ SR
1. HR[20] LA 1 75 ZE (intra-class covariance)
/NG I H 2R (R Pp 77 ZE (inter-class covariance) i K A
CEbR, FIANFEERHE AL, I REREAT
LN G TR — AR 2538, X H P AE
HIAESS o

SCHRLTOTH s 2 14 340 31l 43 b 82 FH 3 1 AE 55 Tt
e H5IXCHR201A R 2, HR AR By /R m] A8
Al (hidden Markov models) M Jii 45 (1] HR it iz 2 B4k
FHERIURHIE, FEA - R — /N34 % 1% (scanpath)
Wk T — MRS KRR, $2H T 24 MFAEME .

BB TN EREEAUE, LA e 4y
K, HT X0 HPARES.
22 ZFFEEN

SVM & —Mh& S HLAS 7 21 4r R . HL 3k
A AR R B — > 8 CAERFAE 73 (8] (1) 18] B 5 K
IIE 7 e, XPREARTEAT 732K o il 5] N ETT,
FOM R N RRE RS R A B s 4R AE 25 (8] v, WT DA
Rt SEEL AR 732K

SCHR[2214 SVM SLHI 3 1 FH AR 55 Pt 1) i) it
Z R, SR R B H i PR 4R (electrooculography,
EOG)itx | H P EAFRMES IR ERIZ 305 B, IF
MHFREL T B 7 M (fixation) . AR B (saccade)
LA K7 AR (blink) 5545 12 o AT 1 BN T ARAR KA
M (minimum redundancy maximum relevance)ft]
FRAESE AT, M JELGE IR AR Hh B T 5 g 2
IRFAIE, ISR — DN EALMEZ RN SVM, I
137 RUF B S FBCR .

SCHR[8TH A FH 7 B IR I 32 2 b 52 B 7 AH B 1
FHEZAT SVM 1R, HT BN E%S . H
W H P IR 46 1 IR S 12 30 9 b5 S m] DAAR R g 7E AN
[F] 7 [ 12 8 ) 7 FF 5 (string of symbols). A1, &
S 1) IR B Az 3h B o 19 O B A TR K BE Y R 3]
(word), FRAEAAT I K FEARRFE. BERH
TR H A% R B (string kernel function) ¥ A\ I 74
FRIE B B i 4E R e 23 18], DARIEAT SVM 2% 2]
Mok,

SCHR[131HKE SVM B 21 155 Tl 2w, F
% H Fisher #%%% 2] (Fisher kernel learning)ff) 771!
IR LG IR A 12 3) 3008 Hh 4R B Fisher & RF1E, 18R
FH ZE 585 43 FT (principal component analysis)] /5 2
Bef AL o IR B0 48 B2 o B Je R i 0 AR 1) 2 R 2
(Gaussian radial basis function)E W% R4, AT
SVM HJ2£ 2 Mopk

COCO Fl KELLERPMEF T il /- BRI 123 i
22 (AR IR AR IS [R)RFAE R S0 AT 55 o 50 FH )
TERLE T H P IR aE S — X IREEiE s s 1l . FH P
MK H . IREEEZ R ME . H R B
SVERL R g S5 v R o v i A ) 23 AT RSS2 (the
entropy of the attentional landscape), 31 SVM X}
F P IR 12 2 () 25 [R) A T Rp A EA T 2 20, FH T
DF A S

SCER[ 15T P HR B 3z 3 Bt v 4R B T 471
FRAERBEAT FH P ARSI T, FE4 P i g1t



&
5

372

2021 4F

(scanpath)Zm i AR5, U0 A2 N E/ANF
Fol. HARIT F o B AHE, 4N EE
MR R SVM,  H T TIAT 45

SCHER[19100 52 A H 1 & 5y 7K 7] KA A (hidden
Markov models) M\ Ji7 46 ) HE B 32 2 208 b 32 HURE
fiE,  HE3E F 52 B R AE a0 N\ 21 B Ze e A% ek £ )
SVM AT 5 S N .

2.3 Boosting Hk

Boosting FIEWHONIEFHIE, £ —FE M
LR S R . HOd I T IR A () B gk AT
B, FAZANANERGE R, HHTREAE,
VAT 73 R IR

SCHR[141KFH T Boosting Hi%H ] RUSBoost
HEATF FAE ST . RUSBoost A& — gt £ 4
A1 1) /U Boosting vk, Hul i@ FEALK
K#f(random under-sampling, RUS)H) 77 LM I Z5
Hom £ b s, DL AT 859 40 R 38 B I 2R .
SCHR[ 14 P RS B 1 25 DA P R IR B s
BNE B R HEEL T AR RIIE, #E4T RUSBoost [l
A FERURHEEHEH AL B A
2% 15347 B (fixation map). H—fbHHEg10 B3%
P 1{E (normalized scanpath saliency)ffJEL /7 &l V4%
FIECH « FEARFSE T M8 . AR BT B () 350 1E
AL DX 7 5 B vk B 4 b BAKHH R S
EMALE .

SCHR[19]04% B T Boosting 532+ /1) AdaBoost
KHEAT P AR BT . g — R BAA AR
i) Boosting %%, W2 il — 8 R 0 BFEA
FIRCER LA S AR IR A 2 R A IR, LA BT
BN GEHR BE RIER N R Z A 550 K.
HRRAIRZHFR BT, IR SR/
97 FEAR BB . /NI AR ZE R 55 77 IS 45 AL
H, 2590 RBHATHEG 7IE. STR[19]K
7 B& B 7R AT AR AL $2 R P R I 12 3 508 A )
FEAE, Rt AT AdaBoost FIZRATINR
2.4 BEHLIRM

RFo s& —FPfai 8, IR e S Sk . HBL
R (decision tree)fFNEEARRISS 730988, IFHAE
PR BN ZRad AR TR A R T B AL A 1k 3 1Y) SR
A3 4 5 1 73 R4 B S I Bz A TR RE

SUGANO %704 RFo B3 T F FHAT45 Tl
ZH, FFRREELT Z MR P AT IR R AL
HE4T RFo BIYIZRANIAR o FEHU FH - i AR AIE B4
VEMAL B BIME. 72 thJi % (covariance), 7R

FREENS R ME . 2 B, VAL AG I TR )2
B, 7 ZVGEMBSE . FERUTT AR BRI B 5 AR
BT BB T2 W 2, MR FE AR Bk
SRR I 7 22 SR, AR BEER AR A] 38 (E
77 7 DL S HR R L 8. RFo DAVEALAN IR Bk A 45 1E 1
SN, BEAT FH AR SS T .

SCHR[I8THAE A T RFo SKIRIMA - 4R 55, IF
MHH PR B 8 o3 A . PR E R Bl
EE UL PSR E R A BRI T AR B)RE
fiE, BRRCHSHPAES Z RIMBLR . BARRUL, H
guit 7 AP BRI WA B E A, I
FERCT FH P AR B 1 747 % L €] (fixation density
map). HAEH THEE 48 NIEWH RN Leung-Malik
P 2820 (Leung—Malik filter bank)™, MK F %
PR B AE I DX B R TR N ) BB
FRIE o AR A P A X 3 o 5 T AR
W &6 B B 7 B 4> AR (histogram  of oriented
gradients). B8 ] Gist 138 72 ) B% 4 25 p L
T ARG RIRIE . B JE, B RE I T A REE
AR —HD, 24T RFo LR, IS T REFm
MR

SCHR[20]HH4 RFo B 2 1 P AE S5 Tt ix —
], FEMH P BIEAAE B R A B )RR
fiE, FT3E4T RFo BIIZR. SREURHIE R ELRR
SR A B AN T 22 BRBRIREE I MERTT 2. IR
BT B SME AN T 22 AP E - VERR
BEAR IS8 LA A 2 (35 E AT 22 . RFo BH—
RO R, SCHR[20]250 1 AN A 0 H Bk
TG, RAEE T 100 NMREH R T RFo,
F 90000 F P (A 55

SCHR[191B A FH T RFo ST A F (1455 . Fll
F T Ba By R ] FABEHY N J5 46 1) R G 32 B E s 4
W7 AR RRAE #2647 RFo BIVIZRATINAR .

SCHR[23] A - (TR 32 B Eicds TR 4 B T Seit
FRIE S 73 [RAAIE DA A IS TR) R AE, FH T-12847 RFo ()%
o BARCkUL, RIS TR, IR
Bk HZHR DL K i FL B 4% (pupil diameter) 4 ~$1 7R
HEISZI S ERGIHE R, FlamsE. HKME.
/ME S I B AR (skewness) . HR i 12 2l 16 25 7]
YR A B R 9 A 0 A R A R BIR Bk O AR AE . BRI i2
) BT (A AR AIE L 45 A [R] ) ] 43 B (time slicing) H4t
THRFIE, LA K AN IR B[] 7 271 vh 5 B R A o i
B IREABEAE N RFo BN, FT BRI 25
T o
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2.5 BEHLIR

RFe & —F LU (fern) A 3 AR 43 2R A8 1
LRI, BARSING. »REER. 2k
K P v S0 o BRI X i NRFAEREAT S (S 2
FREFEI RS 280 Ik ki) I (binary test), H4 %
NFFEBLS A T — KN S, B—ALEA 0 5L
1 R R o CRAZAE ) E R 10 ),
AAFE T VEELE[0, 25112 [a 1 — AN . e EF 2,
B B02: (0 Sh BB A K i N R BB [0, 25 1]7E A
B AMRHEE . EVIZRAERE T, BREEER P 1
I NFFAEAS I R, gt T E TR0
HIRHEAE BT B3 A . ZETIOIINY, BREE S A
FHEWS R E, RN ETTE LEE
R R 7 A, FRIR AR B R
I3 A MEZE I SR AE N TN ) 2 . RFe Sk )2 4
BT Z2A R IER AT IO . A T 2SR R
Bk, BABREVERENLER TN RRE R — 5
FENEANKIAT IR . RN RT3 280, B
6 A HRAZ R AIE (1) AH B B 7E %A R L 1S
BIRAFSERR 3 AR, FRRAS R BR SA5 2111
S AMEZEAR e, 15 BNZM N RHIEAE B A 20
2, i e BN 2 B K 20 R Tl () 2 1) o

SCHR[16]4% RFe BN A 2] 7 H P AESS il 2
RIS T R BB NSRBI IR
i ia S 8E h P 7 A EALA IR B S ., BUIE
SEIHR Bk £ ¥ (saccade angle succession)fF A% A\ 4F
fiE, AT RFe BIEIIZRAINGL. 73 AI4E 2 NP
25 T F Bm AR U1 B INR T R R R . 4
FH, ZEEEA R TR FE

3 BEMK S

3.1 B SIEMIERR

ARICE 2 A BTSSP A AT T
o KM 7 SCHR[ 19132 4L (1) MATLAB T H48 H SCHL
1] LDA, SVM, Boosting & i%LL & RFo KT
o 2% TR S 5 7R m] FA R M T 46 ) IR
18 S HE S 7 A SLREE, R AT 55 T
ERE N AT B R ARSCRA T SCHR[16]42
HERIYRARES, X RFe BiE#HAT A

AR ISUER R, RIIER 0 RIREAR S S
MFEARE LR, AR AT S T S VAN Fe b
32 MRS

AR A B I R A I — N B S 37 AT 55 HoE

4, B GW Hudg 4P AT SRR . %8RRIk
£7 19 DA ESIE T, $AT 4 FOANEAES
IR E 3 8 dE, AT S5 RS A2 3 min
Feitio BT 8 GW BadRif Seis s SRR 4 A E
%o WEEAKDGE: %N Fi(indoor navigation),
TR ML B TR 2 1% AR R AT 3E s #23K(ball catching),
AR R ER; M9 4% %R (visual search), 1EI5¢
R EA JUFTRARWGII =M IR Kk,
W45 (tea making).

’ ; e g 1)
B7  GW ol 4E it 52 %3 5t U7 1 4 A E 5510

Fig. 7 The experimental environment of GW dataset

and the corresponding four tasks®”
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Table 1 The five-fold cross validation results of
different task prediction algorithms (%)

205 LDA  SVM Boosting RFo  RFe

1 37.1 332 329 385 33.1
2 39.7 40.7 32.8 48.0 385
3 393 35.8 30.7 386 367
4 41.8 443 415 477 380
5 37.2 36.4 33.0 39.9 348
A 39.0 38.1 34.2 425 362
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Table 2 The training times of different task
prediction algorithms

4150 LDA SVM Boosting RFo RFe
-7 ) () () OIRC)
1 0.01 69.9 23 6.7 24

2 0.01 57.9 2.4 75 2.3

3 0.01 68.2 23 7.0 22

4 0.01 49.9 24 73 24

5 0.01 60.7 25 7.8 25
SEYE 0.01 61.3 24 7.3 2.4
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Table 3 The characteristics of different task
prediction algorithms
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